The aim of this work is to understand the exchange of water between the Serra Geral aquifer system (SGAS) and Guarani aquifer system (GAS). The objectives are two-fold. First, introduce the capability of the modified self-organizing maps (MSOM) as an unbiased nonlinear approach to estimate missing values of hydrochemistry and hydraulic transmissivity associated with the SGAS, a transboundary groundwater system spanning parts of four South American countries. Second, identify areas with potential connectivity of the SGAS with the GAS based on analysis of the spatial variability of key elements and comparison with current conceptual models of hydraulic connectivity. The MSOM is employed to calculate correlations (trends) between 27 variables from 1,132 wells. Hydraulic transmissivity is calculated from specific capacity values from well-pump tests in 157 locations.
INTRODUCTION
The Serra Geral aquifer system (SGAS) is one of the largest and most important in Brazil. It is an unconfined and fractured transboundary aquifer formed within the sequence of lower Cretaceous Parana flood basalts (Leinz ) . The total outcropping of this aquifer reaches 1.2 million km 2 .
The SGAS covers four Brazilian states and parts of three countries: Argentina, Uruguay and Paraguay ( Figure 1 ). The basalt overlies the Guarani Aquifer System (GAS) in the middle sections of the Parana basin is an equivalent porous aquifer composed primarily by sandstone from the Botucatu and Pirambóia Formations (Sracek & Hirata ; Wendland et al. ) . Despite the apparent confinement of the GAS, many studies have identified hydraulic communication between the two systems based on hydrochemistry (Fraga ) . In this scenario, the movement of stored water from the GAS to the SGAS is possible when there are geological discontinuities associated with favorable hydraulic conditions, such as when the GAS potentiometric level is higher than the actual depth of the aquifer (Figure 2 ).
Mapping the hydraulic connections and spatial distribution of hydrochemical facies is an essential step in the implementation of numerical models. Furthermore, the estimates forming a consistent regional dataset can be used to construct variograms of aquifer properties to assist in the calibration of a groundwater model (Friedel & Iwashita ; Friedel et al. ) . A common approach used to identify areas of hydraulic connectivity between adjacent aquifers is to analyze the relative difference in concentrations and spatial distribution among the GAS and SGAS waters (Bit-
The integrated analysis of geological structures and variation of chemical concentration for conservative elements is a preferred methodology to identify hydraulic connections between the Serra Geral and the Guarani aquifers (Ferreira et al. ) . Remote sensing and geophysical data are used to support the study of aquifers when characterizing geological structures (Nanni et al. ) , or as a predictive variable in the absence of monitoring wells (Souza Filho et al. ) .
Additionally, there is a possible influence of morphological features on water chemistry, particularly where a thick layer of soil combined with high clay content may prevent recharge to the SGAS section (Nanni et al. ) . When these conditions are associated with vertical faults, the relative concentration of Guarani trace elements increase and with lineaments (Soares et al. 1982; Zalán et al. 1987; Artur 1998) and rivers draped over; and (c) profile of the geological setting.
the connection between the two systems becomes more evident.
The availability of hydrochemical measurements characterizing the SGAS includes pH and major ions; however, these datasets are incomplete (sparse). Most parametric statistical methods, such as analysis of variance (Winter et al. ) , requires a complete dataset. Other multivariate statistical methods, such as cluster analysis (Suk & Lee ) , principal component analysis (Astel et al. ) and factor analysis, require the computation of eigenvalues and eigenvectors (Neter et al. ) , based on a complete dataset.
One alternative to deal with data sparseness are imputation methods (Malek et al. ) . These imputations methods ), detection of errors in large datasets (Fessant & Midenet ) , and address spatial continuity problems for groundwater model calibration (Friedel & Iwashita ) .
The SOM can characterize high-dimensional datasets, representing them in two or three dimensions projected onto maps composed by code vectors (ASCE a, b). Each code vector has the same dimension as the input data array.
Through an iterative process, the SOM is trained to fit input data, with each sample associated to n-dimensional weight vector (Kohonen ) . The SOM's attribute of learning vector quantization preserves topological relations among samples making it an inherently robust estimation method
The aim of this study is to identify the spatial exchange of groundwater between the Serra Geral and Guarani aquifers.
The objective is to compare model-estimated values of hydrochemistry and hydraulic conductivity with published conceptual models of the Serra Geral fractured aquifer in 
METHODS
In phreatic aquifers, such as the SGAS, the surface hydrol- 
where z is the standardized value; x is the raw score;
x is the sample average, and s is the sample standard deviation, i is an index for each variable. 
where in a rectangular SOM, k x is the number of rows, and k y , is the number of columns, and the dimension n of the neuron is the same as the number of input variables, To quantify the success of this topology-preservation step, the network performance is analyzed by computing the quantization error:
where w i are weight vectors assigned to a fixed number of N neurons in the map grid G, x j are the M input data vectors,
is a neighborhood function, x j À w i is the Euclidian norm, and I is the BMU vector:
where k k is the Euclidian distance, x is the input vector, m is the weight vector and c is the neuron whose vector is nearest to the input vector x.
The topographic error, ET, indicates how well the trained network keeps the topography of the data analyzed, it is a measure (percentage) of the number of node vectors that are adjacent in n-dimensional space, but are not adjacent on the resulting self-organized map. Computationally, the topographic error is given by:
If the neuron-winner of vector X p is closest to the neuron, that is, the distance from X p to it is the smallest
The resulting maps are organized in such a way that similar data are mapped to the same or nearby nodes, and An alternative approach would be to find a suitable map dimension with small topographical error.
The map is characterized by 22 by 16 nodes (352 neurons), and during the initial step, the rough training was performed using a Gaussian neighborhood with initial and final radius of 28 and seven units, respectively, for 30 iterations. The fine training step had 600 iterations and used Gaussian neighborhood with initial and final radius of seven and one units, respectively.
Hydrochemical data
The hydrochemical data are provided by government institutions responsible for water monitoring and analysis in The entire dataset is public and available online; however, the documentation detailing analytical methods was not disclosed. Additionally, given the constant advancements in chemical analytical instruments and development of new protocols, such databases often differ in which set of elements are analyzed, and in the accuracy and limit of detection.
Hydraulic transmissivity data
The Serra Geral aquifer transmissivity is estimated using specific capacity data calculated from pumping tests con- 
Model evaluation
The model framework is evaluated using a Bootstrap approach (Kohavi ) . The basis of the Bootstrap crossvalidation is the leave-one-out strategy. This strategy requires leaving one data value out of the training set while creating a new SOM which is then used to estimate the missing value.
Because a new SOM is created up to 30 times for each value under scrutiny, it forms the basis for the stochastic framework from which residuals are used to evaluate error statistics and model bias ( Figure 5 ). The bootstrap is carried out according to the following steps: (a) the SOM vector framework is calculated using the entire dataset; (b) the 
RESULTS AND DISCUSSION
Limited data availability and high spatial variability of the data promote increasing amounts of uncertainty in model predictions (Hornberger ) . Scarce datasets can result in biased predictions (Dickson & Giblin ) requiring a modified scheme based on bootstrapping (Breiman ).
The SOM algorithm is objective, but there is subjectivity when choosing the set of data variables as potential predictors, and the samples are spatially limited with varying levels of uncertainty in their measurements and observations. For these reasons, the reliability of the SOM as a model to predict soil geochemical variables is evaluated using cross-validation.
In this study, the SOM appears to be an unbiased estimator as indicated by the one-to-one correspondence and constant variance for calcium, bicarbonate, sodium, sulfate, TDS, fluoride, chloride, nitrate and hydraulic transmissivity 
).
The component planes (Figure 8 ) reveal interesting aspects of the training data that include correlation, dissimilarity, and grouping. Similarity in the color patterns, such as Ca and Mg, indicate a strong positive correlation. This is an interesting asset for exploratory analysis, especially when supported by the correlation matrix (Table 3) A typical feature of confined waters is high content of TDS, caused by a long period of residence, whereas in SGAS waters, high TDS is another sign of connection between An alternative to trace-surface contamination is the chloride content (Figure 9 (h)). Chloride is considered a useful to analyze its spatial content variation. In Table 3 , chloride has a positive correlation with fluoride (0.38) and TDS (0.61) suggesting long-term residence waters.
Additionally, chloride has a negative correlation with distance to lineaments (À0.26) associated with vertical faults reinforcing the likelihood for hydraulic connections with the GAS.
The specific capacity refers to how much the water level decreases as a function of a given yield rate, i.e. it describes the aquifer's capacity for water supply and storage. In a fractured aquifer, the specific capacity is related to the density of structural discontinuities. The hydraulic transmissivity, presented in Figure 9 Finally, the proposed modeling method is anticipated to be useful as an alternative for studies analyzing hydrochemistry and producing input parameters for numerical modeling of the Serra Geral and Guarani aquifers. Furthermore, this approach can help to overcome problems related to scarcity of physical and hydrochemical datasets for groundwater characterization, particularly for numerical modeling related problems that rely on spatially consistent sets of input parameters. Estimating these missing variables without trends or bias, while preserving spatial autocorrelation, is an important asset for establishing initial conditions and defining prior information for inverse modeling.
